This article explores the role of age, cognitive abilities, prior experience, and knowledge in skill acquisition for a computer-based simulated customer service task. Fifty-two participants aged 50-80 performed the task over 4 consecutive days following training. They also completed a battery that assessed prior computer experience and cognitive abilities. The data indicated that overall quality and efficiency of performance improved with practice. The predictors of initial level of performance and rate of change in performance varied according to the performance parameter assessed. Age and fluid intelligence predicted initial level and rate of improvement in overall quality, whereas crystallized intelligence and age predicted initial e-mail processing time, and crystallized intelligence predicted rate of change in e-mail processing time over days. We discuss the implications of these findings for the design of intervention strategies.
T HE existing literature of aging and cognition indicates that many component cognitive abilities-such as processing speed, working memory, and reasoning-associated with the fluid aspect of intelligence, which generally represents the processing and reasoning aspects of intelligence (Horn & Catell, 1966) , show decline with age, especially under conditions of complexity or when a task represents an unfamiliar cognitive domain (e.g., Park, 1999) . In contrast, knowledge or what is referred to as crystallized intelligence remains relatively stable or increases throughout the life span at least until about age 70 (Schaie, 1996) . There are numerous examples of studies that indicate age differences on measures of component cognitive abilities that reflect the fluid aspects of intelligence and the performance of tasks that draw on these abilities (e.g., Fisk & Rogers, 1991) . There are also numerous studies that report agerelated differences in skill acquisition. These studies generally indicate that older adults learn new skills more slowly than younger adults and do not reach the same levels of performance (e.g., Charness & Campbell, 1988; Jenkins & Hoyer, 2000; Rogers, Fisk, & Hertzog, 1994; Salthouse, 1994) .
An important issue is the relevance of these findings to everyday tasks within real world settings. Within this context there is limited information on the influence of individual differences in component cognitive abilities or other factors, such as prior experience or knowledge, on skill acquisition or learning. Most of the research that scientists have conducted on skill acquisition has involved laboratory tasks in controlled environments. Examining factors that impact learning is especially important in today's world, given the ubiquitous use of technology in most settings.
The issue of learning and skill acquisition for technologybased tasks is particularly relevant to older adults as compared to younger adults. One reason is because older adults are likely to have less exposure to, and experience with, technology; thus, technology represents an unfamiliar cognitive domain. Also, given that technology is not static, people will continually confront the need to learn new systems or activities at multiple points during their lives. Several studies (e.g., Charness, Kelley, Bosman, & Mottram, 2001; Czaja & Sharit, 1998 , Czaja, Sharit, Ownby, Roth, & Nair, 2001 ) have shown that cognitive abilities (such as working memory, attention, and spatial abilities) are important predictors of performance of technology-based tasks.
However, research has also shown that prior experience and domain-specific knowledge are important to learning and to the performance of everyday activities and technology-based tasks. For example, investigators have shown that domain knowledgeknowledge that is specific to a particular task or task domaincontributes to success in the performance of chess (Chase & Simon, 1973) , bridge (Engle & Bukstel, 1978) , and other cognitively demanding tasks. Hambrick and Engle (2002) found that prior knowledge about baseball had a strong facilitative effect on memory performance for a baseball recall task independent of working memory and age. In fact, domain knowledge had a much stronger effect on memory performance than working memory. Beier and Ackerman (2005) found that prior knowledge was an important predictor of learning new information about cardiovascular disease and xerography. In a series of studies, we also found (e.g., Czaja & Sharit, 1998; Czaja et al., 2001 ) that prior experience with computers, in addition to cognitive abilities, was an important predictor of performance on subsequent computer-based tasks. Furthermore, Charness and colleagues (2001) found that breadth of experience with computer software was a strong positive predictor of learning a word-processing application.
These findings suggest that prior experience and knowledge can facilitate the process of learning and that, to the extent that older adults have prior experience or knowledge of a particular domain, age differences in skill acquisition should be reduced. However, other theorists (e.g., Posner & McLeod, 1982) suggest that although prior experience or knowledge will facilitate skill acquisition, it will not diminish the influence of cognitive abilities on learning. That is, abilities will have an influence on new learning even after controlling for individual differences in prior experience or knowledge. This view is largely consistent with investment theory (Horn & Cattell, 1967) , which postulates that higher levels of fluid and crystallized intelligence enable an individual to learn new knowledge and skills. Although researchers originally postulated this theory to explain learning in children, scientists can apply it to situations involving skill acquisition with older adult populations, given that skill acquisition represents a dynamic process between acquired cognitive abilities and the learning of new material.
In a previous study evaluating an e-mail-based customer service task (Sharit et al., 2004) , we found age differences in task performance such that the younger participants (aged 50-65 years) performed better than the older participants (aged 66-80 years). However, the results overall demonstrated performance improvements for both age groups with practice. One aim of this reanalysis of data from that study was to identify individual characteristics (prior computer or Internet experience, cognitive abilities, and age) related to skill acquisition for this task. In this regard, we hypothesized that age would have a negative influence on skill acquisition and that, to a large, extent these age-related differences in performance would be explained by differences in cognitive abilities. We also hypothesized that both prior experience with computers or the Internet and abilities would have a positive influence on skill acquisition, such that people with more experience and higher abilities would demonstrate more learning. However, consistent with an investment theory framework, we also hypothesized that although prior computer or Internet experience would facilitate learning, cognitive abilities would have a stronger influence on skill acquisition.
An additional aim of the study was to examine the extent to which the relationships between prior experience, abilities, and learning depended on the particular outcome measure used for assessing performance. Our prior work and that of others (e.g., Beier & Ackerman, 2005; Czaja & Sharit, 1998; Czaja et al., 2001) suggested that the relationship between experience, abilities, and performance varies according to the demands of the task. To this end, we hypothesized that fluid intelligence would be a strong predictor of the speed component of performance, whereas prior experience with computers or the Internet and crystallized intelligence would have a strong influence on aspects of performance related to knowledge of search strategies.
Overall, the objective of this study was to contribute to researchers' knowledge of factors that influence learning among older adults for ecologically valid tasks and to further elucidate the role of prior experience and abilities in learning. From a practical perspective, understanding factors that influence skill acquisition is important to the development of training programs and task aids.
METHODS

Sample
We recruited a total of 52 participants from the local community, including 21 men and 31 women ranging in age from 50 to 80 years (M ¼ 64.92 years, SD ¼ 8.10). We required that all of the participants be English speaking and literate and have experience with computers. We paid participants $150 for completing the entire protocol.
We collapsed data on education into three levels: high school or less, some college or a college degree, and some graduate school or a graduate degree. All but 4 participants had at least some college education. With respect to occupational status, 29 of the participants were retired; the remainder were working full or part time. There was no difference between those aged 50-65 and those aged 66 or older in occupational status, v
Task Description
The task used in this study was a simulation of a job performed by customer service representatives of a fictitious company called Media Products, an online store that sells various computer-related products. The participant's task was to open e-mails from an e-mail inbox window and respond to the customers' queries. Essentially, the task entailed reading the e-mail, mapping its contents into the appropriate locations within the company's database, and selecting the correct items of information from these locations.
Participants performed the task during two 2-hour work sessions on each of 4 consecutive days. Each work session contained 40 e-mails, and we instructed the participants to process as many of these e-mails as possible.
Setting and Equipment
Training as well as task performance was performed at workstations consisting of a desk, an adjustable chair, and a personal computer with a 19-in monitor. Each participant used the same workstation for the duration of the study. All of the workstations were contained in a single room designed to represent an office area.
Procedures
On 2 days preceding the 4 days of task performance, each participant underwent a battery of measures that included a demographic and health questionnaire, a self-efficacy questionnaire, a technology and computer experience questionnaire, a computer attitude questionnaire, a computer anxiety questionnaire, measures of hearing and vision, and 21 standardized measures of component cognitive abilities (see Appendix A; Czaja et al., 2006) . Following the completion of these instruments, the participants received training on the task in groups of 5 or 6. We first gave participants an orientation to the computer, which was followed by formal training on the customer service task. A trained facilitator guided the training process, which took about 2 hr. All of the participants in the group then performed six practice e-mails completely on their own, which was followed by a review session that provided the opportunity for addressing both general and specific questions. Sharit and colleagues (2004) describes in more detail the sample, task, and procedures.
Measures
Cognitive abilities. -For this study, we used three measures to assess crystallized intelligence: (a) Shipley Vocabulary Test (Shipley, 1986) , (b) Multidimensional Aptitude Battery (Jackson, 1998) , and (c) Information Subscale of the Wechsler Adult Intelligence Scale-III (Wechsler, 1997) . We used six measures to assess fluid intelligence: (a) Alphabet Span (Craik, 1986) , (b) Computation Span (Salthouse & Babcock, 1991) , (c) Letter Sets (Ekstrom, French, Harman, & Dermen, 1976) , (d) Paper Folding (Ekstrom et al., 1976) , (e) Stroop Color Word Association Test (Golden, 1978) , and (f) Trail Making Test (Forms A and B; Reitan, 1958) .
We based the formation of the composites on the results of factor analysis for the 21 component ability measures performed with a structural equation model, estimated with AMOS 5.0 (Arbuckle, 2003) , that included 1,110 people with complete data on the cognitive measures (see Czaja et al., 2006) . We should note that we computed the composites with unit weighting of standardized variables that loaded uniquely on each factor. Cronbach's alphas for the composite measures of fluid and crystallized intelligence were .83 and .84, respectively.
Prior experience with computers or the Internet. -Knowledge of computers included assessment of length of time using computers, proficiency with various computer input devices (e.g., mouse, voice input), proficiency with a variety of computer operations (e.g., deleting and transferring files), and proficiency with a variety of computer applications (e.g., computer graphics, e-mail). We based proficiency with the Internet on frequency of use, intensity of use per week, duration of time using the Internet, and a variety of categories of use (e.g., shopping, communication). We computed a weighted average for the two variables in order to control for differences in number of items and computed a z score for all subsequent analyses.
Task performance measures. -Each e-mail required one or more selections of information. For us to have considered an e-mail ''correct,'' the information selected by the participant had to exactly match the required selections for that e-mail, implying that the participant omitted no information and provided no additional information.
For this article, we report three measures of performance. One measure reflects overall output quality (speed and accuracy) and was the rate of correct e-mails, which we defined as the total number of correct e-mails processed per hour. A second measure, e-mail processing time, was the time to read an e-mail and search for the required information in the database. Thus, this measure reflects only the time a participant was actively engaged with a particular e-mail but not time spent in between e-mails (''slack time''). We used in the analyses the mean value across all completely correct e-mails processed per day. The third measure, navigational efficiency, was the proportion of the additional navigational moves taken for an e-mail in relation to the minimum number of moves needed for that e-mail. Thus, higher numbers indicate less efficiency. We computed this measure for only those e-mails processed correctly.
RESULTS
The objectives of this study were to evaluate the patterns of change in performance in a computer-based task over the course of 4 days and to relate interindividual differences in these patterns to a function of the predictor variables of age, cognitive abilities (fluid and crystallized intelligence), and prior experience with computers or the Internet. We elected to use multilevel modeling (MLM) using the SPSS Mixed Procedure (Peugh & Enders, 2005) for these analyses. The method of estimation used was restricted maximum likelihood, as this method of estimation is less biased than the full maximum likelihood with small sample sizes. We chose to use an MLM approach as it enables estimation of an individual growth function and assessment of predictors of that function, and hence enables evaluation of predictors of individual differences in growth.
Researchers have widely used MLM to analyze hierarchical and clustered data. Longitudinal data from repeated measures designs are hierarchical in nature and thus can be represented as MLM growth models. These growth models are typically formulated as two-level models wherein individual growth is represented at Level 1 and variation in growth parameters is represented at Level 2 (Singer, 1998) . Raudenbush and Bryk (2002) refer to these models, respectively, as the repeatedobservations model (i.e., the within-person model) and the person-level model (i.e., the between-person model).
For the analysis of longitudinal data, MLM techniques have several advantages over repeated measures analyses of variance (RM-ANOVAs). In its usual implementation, RM-ANOVA requires the assumption of compound symmetry of covariances. If this assumption is violated, the weaker assumption of sphericity must hold, which assumes the equality of the variances of the differences between any two observation levels. Violation of sphericity requires either a correction to the degrees of freedom or the use of a multivariate approach. However, these approaches may be overly conservative, and thus significant effects may not be detected. MLM does not rely on the assumptions of sphericity, and the covariance structure is modeled directly from the data as a separate step during the analysis (Max & Onghena, 1999) .
Researchers obtain estimates of the variance components by using the maximum likelihood or restricted maximum likelihood methods. These methods are designed to deal with correlated data, and, therefore, sphericity is not an issue. Another disadvantage of RM-ANOVA is the overestimation of the standard error (Quené & van den Bergh, 2004) . Also, in order to retain a participant missing a single observation, RM-ANOVA must impute the missing observation, which can cause an underestimation of the error term and thus suboptimal F tests.
In our model, at Level 1, we estimated each person's growth (or change) by a linear model containing an intercept, which estimated performance at the beginning of the observation period, and a slope that indicated the rate of change in performance across the time periods. The Level 2 submodel relates individual differences in initial status and rate of change to individual characteristics. Thus, by restricting individual differences purely to their individual change trajectories at Level 1, we could examine interindividual differences in change in terms of their predictors (Chapman, Hesketh, & Kistler, 2002; Singer & Willett, 2003) . In this case, the outcome variable was performance on the database search task post training as measured on each of the 4 days by three outcomes variables, and the predictors of individual differences in change were age, prior computer or Internet experience, and cognitive abilities (fluid and crystallized intelligence). For the purposes of these analyses, we computed z scores for prior computer or Internet experience and for fluid and crystallized intelligence. Age was mean centered. The values for the predictors centered around the initial day (the values of the 4 days were fixed at 0, 1, 2 and 3). By centering the predictors and setting the first day to 0, we scaled the intercept to represent average initial status (posttraining performance), thereby facilitating interpretation. Table 1 presents the correlations between the predictor variables and their correlations with the outcome measures. Table 2 presents the descriptive statistics for the outcome measures and predictor variables.
Model Construction
We constructed separate sets of models for each of the three outcome variables. Initially at Level 1, the outcome variable was expressed as a linear function of days in the study, yielding an estimate of the intercept and slope for each individual. At Level 2, we examined interindividual differences in the intercept (initial status -post training) and slope (rate of change) as a function of four predictor variables: age, prior computer or Internet experience, and fluid and crystallized intelligence.
For each outcome measure, analyses conducted included the unconditional means model; the unconditional growth model (intercepts only); and the unconditional growth model (intercepts and slopes). Tables 3, 4, and 5 (Models A, B, and C) summarize the results of these analyses. We constructed the unconditional means model (Model A) in order to partition the variation in the outcome variable into within-person (Level 1 residual) and between-person (Level 2 residual) components. There were no predictors, and we did not examine change over time. Based on this partition of the variance, we computed intraclass correlation coefficients for each of the outcome variables. The intraclass correlation coefficient values, which represent the proportion of total variation in the outcome variables that can be attributed to individual differences, were q ¼ .759 for rate of correct e-mails, q ¼ .519 for e-mail processing time, and q ¼ .395 for navigational efficiency. The two unconditional growth models (Models B and C) represent the introduction of task day into the Level 1 submodel. The models represent each individual as a change trajectory instead of by his or her mean, as in the unconditional means model. Model B allows individuals' change trajectories to vary in their intercepts only, whereas Model C allows individuals to vary in both intercept and slope. Because Model C is nested within Model B, with the addition of the random slope component we could compare the two models through their deviance (-2 log likelihood) statistics to determine if there were significant interindividual differences in rate of change in the outcome measure. We also utilized Models A and C to determine withinperson variation in the outcome measures over time (R 2 e ), to determine if there was a significant change in the outcome measures over days, and to compute the pseudo R-square statistics for the remaining models (discussed later). We computed pseudo R-square statistics consistent with the approach outlined by Singer and Willett (2003) , and Appendix B presents the relevant formulae.
The results from Models B and C also indicated if there were significant interindividual differences in rate of change in performance over the subsequent days; Tables 3, 4, and 5 (Models A, B, and C) summarize these results. We examined the difference in the deviance statistics (-2 log likelihood) between Models B and C by using the chi-square statistic. We also examined the Level 2 variance components by using the Wald Z statistic. The data indicated significant individual differences in rate of change over time for rate of correct e-mails, v 2 (1) ¼ 90.50, p , .001, and e-mail processing time, v 2 (1) ¼ 19.23, p , .001. The difference in the deviance statistic for navigational efficiency was not significant, v 2 (1) ¼ 8.34, p , .01, at a level considered meaningful for this test (Singer & Willett, 2003) , implying that the addition of predictors in the model would not reliably explain interindividual differences in rates of change. Although the results indicated no interindividual differences in rate of change in navigational efficiency, we retained the multilevel approach to establish consistency in comparing results.
To examine the influence of the predictor variables on initial performance and rate of change in performance, we added prior computer or Internet experience to the unconditional growth model as the first step (Model D), and we added the crystallized and fluid composites as the second step (Model E). To examine the influence of age after accounting for differences in prior experience and abilities, we then added age as a third step (Model F). Tables 3, 4, and 5 (Models D, E, and F) summarize these models. In addition, to examine the dominance of abilities to skill acquisition, we replicated the above-mentioned analyses with the exception of entering cognitive abilities as the first step (Model G) and prior experience as the second step (Model E). Tables 3, 4 , and 5 (Model G) summarize this model. Finally, we computed a separate model (Model H) with age as the only predictor to examine the extent to which differences in prior experience and abilities explained age-related differences in performance (Table 6 ).
Rate of Correct E-Mails
We subjected rate of correct e-mails to a natural log transformation to achieve linearity. Age, fluid intelligence, and crystallized intelligence predicted individual differences in initial performance (post training) for rate of correct e-mails (Table 3 , Model F). Generally, increased age was associated with lower initial performance, and people with lower fluid and crystallized intelligence had lower initial performance for this measure. Age was the strongest predictor of individual differences in initial status for this measure, followed by fluid intelligence (Table 3) . Age and fluid intelligence predicted individual differences in rate of change over days, such that the rate of change or improvement in performance was greater for older adults (Figure 1 ) and for those with lower fluid intelligence. The R 2 e value computed from Models 1 and 3 was .783, indicating that days on the task explained 78% of the within-person variance. Inclusion of the predictor variables accounted for 60% of between-person variance in initial performance and 48% of between-person variance in rate of change in performance over time.
Prior experience with computers or Internet accounted for 20% of the between-person variance in initial performance and 18% of the between-person differences in rate of change in performance (Table 3 ). The inclusion of the cognitive ability measures explained an additional 30% of the between-person variance in initial performance and an additional 23% of the interindividual variance in rate of change in performance. Adding age to the model explained an additional 10% of the individual differences in initial performance and an additional 7% of the individual differences in rate of change in performance. Also, when we added abilities to the model, prior computer or Internet experience was no longer significant. In fact, when we added abilities as the first predictors to the model (Model G), they accounted for 47% of the between-person variance in initial status for this variable and 38% of the between-person variance in rate of change in performance. Also, inclusion of prior computer or Internet experience after accounting for individual differences in abilities only explained 3% of the variance in initial performance and 3% of the variance in change over days (Model G) . Comparing the results of Models F and H indicated that individual differences in prior computer or Internet experience and cognitive abilities explained about 59% of the age-related variance in initial performance, and individual differences in these variables accounted for about 64% of the age-related variance in rate of change in performance.
E-Mail Processing Time
The final model (Model F) indicated that age and crystallized intelligence predicted individual differences in initial performance for e-mail processing time (Table 4) . Generally, people who had higher crystallized intelligence took less time initially to read the e-mails and search the databases for the correct information. In addition, increased age was associated with longer processing times. Age was the strongest predictor of individual differences in initial performance. In terms of rate of change in performance, generally individuals with lower crystallized intelligence exhibited greater improvement in processing time over days (Figure 2 ). The R 2 e for this variable was .606, indicating that task experience explained about 61% of the intra-individual change in e-mail processing time. For this variable, the predictor variables explained 53% of the betweenperson variance in initial performance and 34% of the betweenperson variance in rate of change in performance over time.
Similar to rate of correct e-mails, individual differences in cognitive abilities explained the greatest amount of individual differences in initial performance and rate of change in performance across the 4 days. When we added prior computer or Internet experience as the first predictor in the model, it accounted for 17% of the between-person variance in initial processing time and 15% of the between-person variance in rate of change in processing time. Inclusion of the cognitive abilities in the model explained an additional 21% of individual differences in initial processing time and 13% of individual differences in rate of change in processing time. Adding age to the model accounted for an additional 15% of the betweenperson variance in initial processing time and an additional 6% of the between-person variance in rate of change in processing time. When we added cognitive abilities as the first predictors in the model, they explained 32% of the between-person variance in initial processing time and 21% of the betweenperson variance in rate of change in processing time. Inclusion of prior experience in the model after accounting for individual differences in abilities explained only 6% of the betweenperson variance in initial performance and 7% of the betweenperson variance in change in performance over days. Comparing the results of Models F and H indicated that individual differences in prior computer or Internet experience and cognitive abilities explained about 42% of the age-related variance in initial performance, and individual differences in these variables accounted for about 54% of the age-related variance in rate of change in performance.
Navigational Efficiency
Given that there were no reliable individual differences in rate of change in navigational efficiency as a function of the four predictor variables, we continued with the random- Figure 1 . Improvement in rate of correct e-mails sent (natural log) over days as a function of age (lines represent predictions for persons with age 1 SD below the mean and 1 SD above the mean). intercepts-only model (Model B) and examined the impact of the predictors on initial performance only for this variable. As shown in Table 5 , prior computer or Internet experience and fluid intelligence predicted initial individual differences in navigational efficiency (Model F). Taken together, the predictor variables accounted for 45% of the between-person variance in initial navigational efficiency. The strongest predictor of initial performance for this variable was fluid intelligence.
When we added prior experience as the first predictor to the model, it accounted for 25% of the between-person variance in initial navigational efficiency. The inclusion of the ability measures accounted for an additional 19% of the betweenperson variance. Adding age to the model produced no appreciable change in the between-person variance in initial status (Table 5 ). When we added abilities as the initial step, they accounted for 37% of the variance in initial status; prior experience accounted for only an additional 7% of the variance. Also, the data indicated that individual differences in the other predictor variables accounted for 66% of the age-related variance in initial performance.
DISCUSSION
The objectives of this study were to examine factors that predict skill acquisition of an e-mail based customer service task. We used MLM to examine predictors of individual differences in initial performance (post training) as well as the rate of change in performance over 4 days. Use of an MLM approach expanded our previous findings regarding this task (Sharit et al., 2004) , as it enabled us to chart trajectories of change in performance over time and determine individual characteristics related to change. An additional advantage of this approach is that we were able to examine the both within-person and between-person variation in skill acquisition. Finally, use of this technique also allowed us to overcome some of the assumptions associated with conventional approaches (e.g., RM-ANOVA), such as homogeneity of variance and sphericity.
Overall, the data indicated that, for all participants, performance improved with task experience. This finding is encouraging, as it suggests that older adults can learn to perform computer-based tasks commonly found in work environments. The data also indicated that rates of improvement in performance were higher for older adults and for those with lower abilities, which suggests that participants with higher initial performance had less opportunity for growth. These findings lend support to the literature, which generally indicates age differences in skill acquisition (e.g., Jenkins & Hoyer, 2000) , and underscore the importance of providing older adults with sufficient practice on a newly acquired task and opportunities for extended training (e.g., Sterns, 1986) .
However, we also found variation between predictors of initial performance of the task and predictors of rate of change in performance. Specifically, we were able to gain insights into the relative roles of fluid and crystallized intelligence in the skill acquisition process. In particular, for the measure of rate of correct e-mails (our measure of overall output), age, fluid intelligence, and crystallized intelligence predicted initial performance, whereas age and fluid intelligence predicted rate of change in performance. This finding suggests that one's knowledge base is important to initial comprehension of a task, but that further improvements in performance are more dependent on fluid abilities.
Our findings also indicated that prior experience with computers and the Internet only accounted for a small amount of the between-person variance in initial performance and rate of change in performance after accounting for differences in cognitive abilities. These findings support an investment theory framework (Horn & Cattell, 1967) , which would suggest that the proportion of variance accounted for by abilities after partialing out the effects of prior knowledge is greater than the portion of variance accounted for by prior knowledge after partialing out the effects of abilities (Beier & Ackerman, 2005) . That is, individuals with higher crystallized and fluid intelligence are more likely to acquire knowledge in other domains. These findings also support recent data that indicate that individuals with higher cognitive abilities are more likely to adopt new technologies (Czaja et al., 2006) . Most likely this is because adoption of new technologies typically requires learning new skills. It is well established that cognitive abilities are important to new learning. Our findings also lend support to the ''rich get richer'' hypothesis, which suggests that people with higher cognitive abilities are more likely to be successful at knowledge acquisition. This is consistent with the findings of Hambrick and Engle (2002) , which indicated that participants with higher levels of working memory capacity derived greater benefit from domain knowledge than did participants with lower levels of working memory capacity.
However, our results are not totally comparable to those of Beier and Ackerman (2005) or Hambrick and Engle (2002) , as we assessed prior computer or Internet experience only as a proxy of domain knowledge as opposed to a direct knowledge test. In addition, our measure was self-report, and the limitations of self-report measures are fairly well established. For example, it may have been difficult for our participants to assess their actual level of proficiency with computer operations. Our findings may also be due to the nature of the domain examined: computers and the Internet. It is well established that an age-related digital divide exists, and thus older people are less likely than their younger counterparts to have a breadth of experience with computer technology (Pew Internet and American Life Project, 2005) .
Another important finding of this study was that the relative importance of the predictors depended on the outcome measure. Specifically, fluid intelligence and age were important predictors of overall output, which was a measure that reflected both speed and accuracy. This is not surprising, given that executing a correct response involved identifying relevant text in the query, recalling which database contained the needed information, and performing computer operations such as scrolling. Our measure of fluid intelligence encompassed cognitive abilities that were relevant to these task demands.
In contrast, crystallized intelligence was an important predictor of initial e-mail processing time. Again, this is not surprising, as this measure included time to read the e-mail and search the database for the correct information. Clearly, the ability to understand word meaning was important to this aspect of performance, and, as noted, our measure of crystallized intelligence included a measure of vocabulary and verbal comprehension. Thus, consistent with our findings regarding rate of correct e-mails, prior knowledge was important to initial comprehension. However, for this measure crystallized intelligence (but not fluid intelligence) was also associated with rates of change in performance such that people with lower crystallized intelligence exhibited greater improvements in performance over time. Finally, although there were individual differences in the initial level of navigational efficiency as predicted by fluid intelligence and prior computer or Internet experience, there were no individual differences in rate of change for this measure, which confirms findings that indicate that practice and consistent mapping of associations results in improvements in skilled performance (e.g., Fisk, Cooper, Hertzog, Anderson-Garlach, & Lee, 1995) . In this case, our participants learned to map the contents of the information contained within an e-mail query to the database that contained the needed information. The content of the database did not vary.
Overall, our findings indicate that the relationship between individual differences in factors such as age, prior experience, basic abilities, and learning is complex for real world tasks for which performance is multifaceted and defined according to a variety of parameters. This is consistent with the view of other investigators (e.g., Beier & Ackerman, 2005; Diehl, Willis, & Schaie, 1995) and suggests that learning and performance of complex tasks is multifaceted and depends on cognitive abilities as well as knowledge and prior experience.
The findings also have implications for the design of training programs and performance aids. One of the purposes of providing performance support aids is to minimize the cognitive burden of the task as might be reflected by perceptual, memory, and response-time demands. Our findings suggest that we need to first carefully examine the performance objectives of a task (i.e., the critical outcome measures) before designing training programs and implementing aiding systems. For example, our findings indicate that for this task, having some basic knowledge of computers and the Internet was important to initial basic navigational skills. Furthermore, extended practice resulted in improvements in performance efficiency. However, having prior experience and practice on the task may not be sufficient to achieve optimal performance, given the link between abilities and output quality. In this case, performance may have further improved with the provision of some type of a memory aid, such as a graphical depiction of the menu system or the highlighting of relevant text in the e-mail queries. Analogous to the part-task/whole-task distinction in training, we may also want to consider layering training for tasks governed by multiple performance objectives.
There are, of course, limitations to the current study. One is the relatively small sample size, which could have decreased the power of the parameter estimates. However, despite the small sample, we were able to account for a significant portion of the variance in performance. A second limitation is that we had a proxy measure of domain knowledge. As noted, it reflected a self-report measure of computer and Internet experience as compared to an objective knowledge test. A third limitation is that it appears that most participants did not reach asymptotic levels of performance, and thus further performance improvements may have occurred with additional practice. However, despite these limitations, this study contributes to researchers' knowledge of skill acquisition for more complex, real world tasks.
